Abstract. Using geographically weighted regression (GWR), a recent study by Shoff and colleagues (2012) investigated the place-specific risk factors for prenatal care utilisation in the United States of America (USA) and found that most of the relationships between late or no prenatal care and its determinants are spatially heterogeneous. However, the GWR approach may be subject to the confounding effect of spatial homogeneity. The goal of this study was to address this concern by including both spatial homogeneity and heterogeneity into the analysis. Specifically, we employed an analytic framework where a spatially lagged (SL) effect of the dependent variable is incorporated into the GWR model, which is called GWR-SL. Using this framework, we found evidence to argue that spatial homogeneity is neglected in the study by and that the results change after considering the SL effect of prenatal care utilisation. The GWR-SL approach allowed us to gain a placespecific understanding of prenatal care utilisation in USA counties. In addition, we compared the GWR-SL results with the results of conventional approaches (i.e., ordinary least squares and spatial lag models) and found that GWR-SL is the preferred modelling approach. The new findings help us to better estimate how the predictors are associated with prenatal care utilisation across space, and determine whether and how the level of prenatal care utilisation in neighbouring counties matters.
Introduction
Prenatal care consists of a series of clinical visits and services that ideally begin before conception and extend throughout the ante-partum period. They are designed to promote the health and well-being of the woman, her fetus and their family (Daniels et al., 2006; Ong, 2008) . In the United States of America (USA), it is recommended that women begin receiving prenatal care during the first trimester of pregnancy (US Department of Health and Human Services, 2011) . When a woman receives prenatal care throughout the pregnancy, the prenatal care is more likely to be effective (US Department of Health and Human Services, 2011). Delays or not receiving prenatal care at all could result in a lost opportunity to manage health complications (e.g. diagnose and treat medical problems) and facilitate health promotion (e.g. receive health behaviour advice or referrals for other resources), both of which could positively influence the pregnancy outcome (Cook et al., 1999; Luecken et al., 2009; Ayoola et al., 2010; Johnson et al., 2010) .
Studies reporting the effectiveness of prenatal care have been somewhat mixed (Goss et al., 1997; Hueston et al., 2003; Walford et al., 2011) ; however, most agree that prenatal care is an important facilitator of infant and maternal health (Mikhail and Curry, 1999; Johnson et al., 2007; Epstein et al., 2009) . For example, when a woman receives adequate and timely prenatal care, this decreases her risk for maternal morbidity and mortality (Misra and Guyer, 1998; Harper et al., 2003; Schrag et al., 2003) , while delayed prenatal care is a significant risk factor for poor birth outcomes including higher rates of infant mortality, low birth weight and prematurity (Vintzileos et al., 2002a (Vintzileos et al., , 2002b (Vintzileos et al., , 2002c (Vintzileos et al., , 2003 .
Recent studies have identified several factors that are associated with late or no prenatal care utilisation. These factors include socio-demographic characteristics including single marital status (Hueston et al., 2008) , minority race/ethnicity (Nothnagle et al., 2000; Frisbie et al., 2001; Alexander et al., 2002; Kuo et al., 2008) , lower socioeconomic status (e.g. poverty, unemployment or low levels of education) (Epstein et al., 2009; Schempf and Strobino, 2009; Ayoola et al., 2010; Sunil et al., 2010) , and no health insurance coverage (Chandler, 2002; Egerter et al., 2002; Gavin et al., 2007; Rosenberg et al., 2007) . Another major contributor to the lack of prenatal care utilisation among women is the declining number of obstetrics-gynaecology (Ob-Gyn) physicians (Aved et al., 1993; Davis et al., 2004) .
Since research has shown that late or no prenatal care is associated with poor maternal health (Misra and Guyer, 1998; Harper et al., 2003; Schrag et al., 2003) and birth outcomes (Chang et al., 2003; Taylor et al., 2005) , identifying the factors that are associated with late or no prenatal care is essential. Recently, there is a trend in health research to question the analytic assumption that risk factors impose effects on health outcomes universally across space (Yang et al., 2009 Chen et al., 2010; Yang and Matthews, 2012) . This assumption may not hold for various reasons (Ricketts and Holmes, 2007) . For example, the size of the aggregate unit varies greatly, the local practice patterns may alter the local associations between the outcome and independent variables, the differences in attitudes, knowledge and cultural beliefs of health care across space may lead to divergent health care seeking behaviours. This trend echoes the emphasis of studies on the impacts of locality and residential environments on health (MacIntyre et al., 1993; Casagrande et al., 2009; Matthews et al., 2009) . Following this trend, a recent study investigated the place-specific risk factors for prenatal care utilisation in the USA and found that most of the relationships between late or no prenatal care and its determinants are spatially varying. As concluded by , the conventional analytic approach, namely global modelling, may result in a model misspecification (Fotheringham, 1997) , and the variables in the global modelling may not well explain the spatial distribution of late or no prenatal care in the USA. From a policy-making viewpoint, a global model is useful to summarise how health outcomes are shaped. However, it does not provide detailed information for effective and efficient interventions and thus, including the placespecific perspective into prenatal care research would better identify local risks and may further improve maternal and infant health. used geographically weighted regression (GWR) (Fotheringham et al., 2002) to explore the place-specifc risk factors for late or no prenatal care utilisation. The literature suggests that GWR contributes to incorporating the local analytic perspective into health research, although it is focused on tackling spatial heterogeneity and does not explicitly address spatial homogeneity. It should be emphasised that spatial heterogeneity and spatial homogeneity are unique, not mutually exclusive, features of spatial data (Fotheringham, 2009) . Contrarily, spatial heterogeneity and homogeneity may inform and/or affect each other (Fotheringham, 2009) , and the literature suggests that both features could be considered in the analysis simultaneously (Brunsdon et al., 1998) . Despite the possibility of addressing spatial heterogeneity and homogeneity at the same time, few empirical studies have adopted this analytic approach to explore the determinants of prenatal care utilisation.
One important message that could be drawn from the discussion above is that using GWR to explore the place-specific determinants for prenatal care utilisation may still be subject to the confounding effect of spatial homogeneity. We have employed an analytic framework, where a spatially lagged (SL) effect of the dependent variable (that captures spatial homogeneity) is incorporated into the GWR model (called GWR-SL) to a USA prenatal care utilisation countylevel data set. The goal of this study is to fill this gap by including both spatial homogeneity and heterogeneity into the analysis, aiming to answer the following research questions: (i) is the prenatal care utilisation of a place positively related to the levels of prenatal care utilisation in neighbouring areas? (explicitly, we will test if the SL effect improves our understanding of the spatial distribution of prenatal care utilisation); (ii) do the SL effects vary across space?; and (iii) does controlling spatial homogeneity in a GWR framework alter the findings reported in our previous research?
Materials and methods

Data sources and measures
For this study, data on counties in the continental USA (N = 3,106) in and around the year 2000 were compiled from multiple data sources. Three-year (1999 Three-year ( -2001 In order to capture the socioeconomic status of the female population in the county, a composite measure called female socioeconomic disadvantage was created. This composite measure was created in order to avoid problems with multicollinearity of the three variables that measure socioeconomic status that were highly correlated 1 : percentage of females in poverty (percentage of females who are in poverty out of the total female population for whom the poverty status was determined), percentage of females with less than a high school education (percentage of females who are 25 years of age or older with less than a high school education), and the percentage of females unemployed (percentage of the female population 16 years of age or older who are in the labour force but are unemployed). Principal components analysis was used to create the female socioeconomic disadvantage variable using the regression method. The data that were used to create these measures were also downloaded from the Office on Women's Health Quick Health Data Online.
County-level measures of health insurance coverage and healthcare providers were also included in the analyses. Specifically, the percentage of the total population who do not have insurance coverage, percentage uninsured, was extracted from the US Census Bureau's Small Area Health Insurance Estimates Program (US Census Bureau, 2000b). The total number of Ob-Gyn physicians in a county divided by the female population aged 15-44 years and multiplied by 100,000 is the Ob-Gyn per 100,000 females of childbearing age variable. The Area Resource File was used to extract the number of Ob-Gyn physicians per county in the year 2000 (US Department of Health and Human Services, 2008) .
Analytic strategy
The methodological contribution of this study is to employ the GWR-SL analytic framework for analysis of prenatal data. The founders of GWR implied that spatial autoregressive modelling could be integrated into GWR (Brunsdon et al., 1998) . One of the dominant spatial autoregressive regression models is the spatial lag model (Ward and Gleditsch, 2008) where a spatial lagged effect of the dependent variable is included into the analysis. It has been argued that the spatial lag model could capture the spatial homogeneity embedded in spatial data and it has been widely used in previous research (Sparks and Sparks, 2010; Yang et al., 2011; Sparks et al., 2012) . To the best of our knowledge, Páez et al. (2002) first demonstrated that a spatial lag effect could be fused into a Gaussian-based GWR and be estimated with the maximum likelihood (ML) approach.
What distinguishes our work from that by Páez et al. (2002) is that we use the instrumental variable (IV) approach to estimate our GWR-SL model. In contrast to the ML estimation, IV estimation does not require the normality assumption and could be used to facilitate causal inferences and to control for unmeasured errors (Greenland, 2000; Hernán and Robins, 2006) . Let y i be the 3-year averaged percentage of late or no prenatal care in county i, i = 1, 2,…,N, and y the vector (N × 1) containing y i . Denote the covariates of i th county in a vector containing a constant and the aforementioned eight county-level characteristics of interest as x i . Our analytic model could be expressed as:
The three socioeconomic status variables were highly correlated and significant at the P <0.001 level: the percentage of females in poverty and the percentage of females with less than a high school degree (0.72), the percentage of females in poverty and the percentage of females who are unemployed (0.69), and the percentage of females with less than high school degree and percentage of females who are unemployed (0.52).
where ε i is a random error term, (u i , v i ) the location coordinates (centroid of the county), w i the i th row (1 × N ) of a known spatial contiguity matrix W (N × N) specifying spatial neighbours (first order queen) and ρ(u i , v i ) the spatial lag dependence between countylevel percentages of late or no prenatal care at location (u i , v i ) determined by w i . The interpretation of ρ is similar to that in the spatial lag model. For a given location, say j, ρ indicates the relationship between j's dependent variable (i.e. percentage of late or no prenatal care) and the dependent variable of j's neighbours defined by the contiguity matrix. A positive and significant ρ means the positive spatial autocorrelation, whereas a negative ρ refers to the negative spatial autocorrelation (Anselin, 1988) . The notation β(u i , v i ) represents the vector of (local) regression coefficients associated with x i at location (u i , v i ).
The regression parameters of model (1) are estimated by adopting the technique of two-stage least squares (2SLS) (Kelejian and Prucha, 1998; Kim et al., 2010 ) on a point-wise basis using kernel-based methods. Specifically, for a given location (u 0 , v 0 ) in the studied region, the βs and ρ at are locally estimated to minimise the following function:
where K is a given kernel function with h being the bandwidth and d i0 the distance between (u 0 , v 0 ) and the i th designed location (u i , v i ). The quantity δ(u 0 , v 0 ) is the coefficient vector associated with the instrumental variables z i that is used to construct a proxy (fitted values) in the estimation process for model endogeneity posed by the SL dependent variable w i y. When constructing the instruments, we followed the suggestion by past studies that for a matrix X containing x i , z i = w i X, is the standard candidate used in spatial 2SLS. See Chen and Yang (2013) and Huang and Long (2011) for a more detailed discussion of the estimation theory.
In this study, statistical inference for model parameters is established by using bootstrapping techniques. A Monte Carlo approach similar to that of Brunsdon et al. (1998) was appiled to test for the variability of individual regression coefficients. A full presentation of these two methods can be found in Chen and Yang (2013) .
Comparison of GWR-SL with other approaches
As the GWR-SL approach is novel particularly for prenatal care research, we would like to compare this approach to other conventional spatial analysis methods, including Bayesian conditional autoregressive (CAR) model and simultaneous autoregressive (SAR) model. Several features that distinguish GWR-SL from CAR and SAR are discussed below.
For the analysis of spatial areal unit data, the Bayesian approach is an alternative technique for estimation of the ecological relationships between outcomes of interest and regional covariates. In essence, Bayesian methods, orientated by the work of Besag et al. (1991) , decomposed the area-specific random effect across geographical units into two components, spatially structured and non-structured random effect, and analysed them with a hierarchical perspective. The spatially structured random effects are typically captured with a prior from CAR models that consider spatial dependence (clustering effect) through specification of the spatial structure underlying the data (Besag et al., 1991) . The non-structured random effects are often taken to account for the heterogeneity among regions. This Bayesian approach has become widely used in various fields, especially in disease mapping studies.
The GWR-SL model used in this paper is a nonBayesian approach that attempts to simultaneously capture both spatial dependence (spatial homogeneity) and spatial heterogeneity. The intent of modelling seems to be similar to that of the Bayesian approach, but essentially in a different context. Before further elaboration on the GWR-SL approach, we must include a discussion of SAR modelling as it is widely used in health research using spatial analysis techniques. The SAR modelling was developed as part of spatial econometrics (LeSage and Pace, 2009) and it assumes that the dependent variable in a specific area/unit is a function of (or related to) the dependent variables in neighbouring areas/units. This provides an overall estimate of how the neighbours' dependent variables affect the dependent variable in a certain area, which is also known as the spatial lag effect in spatial analysis (Ward et al., 2008) . This spatial lag effect in SAR is obtained with the whole spatial structure underlying the data and it provides thus a single parameter estimate. Similar to the CAR model mentioned above, the spatial structure underlying the data plays a critical role in the estimation process and the spatial lag effect is a single (i.e. global) estimate, rather than a location-specific statistic.
Five features distinguish our GWR-SL from CAR and SAR modelling. First, GWR-SL generalises the spatial lag effect into the local spatial modelling context. Explicitly, the spatial lag effect in SAR is an overall estimate, but the spatial lag effect in GWR-SL is for ( )
each observation (i.e. location-specific). The "local" spatial lag effects allow researchers to better explore the pattern of where the neighbours matter. Second, while the spatially structure error terms in CAR modelling are location-specific and aim to capture spatial dependence and heterogeneity (Besag et al., 1991) , they are essentially "variations" that cannot be explained by the independent variables and cannot really be interpreted. By contrast, our local spatial lag effects are drawn from the dependent variable and it can thus be understood how the neighbours' values of a dependent variable affect the dependent variable in an area. Our GWR-SL assumes that the error terms are randomly distributed and unrelated to spatial structure. Third, both the SAR and the CAR approaches were developed under the global spatial modelling framework, while GWR-SL was proposed within the local spatial modelling family. In other words, the associations estimated with SAR or CAR between the dependent and the independent variables are for all observations in the data; however, GWR-SL focuses on "each" observation and its neighbours defined by spatial adjacency or kernel density functions and the estimated associations, therefore, are specific to each observation. Fourth, following the previous point, GWR-SL will generate abundant parameter estimates (i.e. coefficients) and provide detailed information on how one location interacts with its neighbouring areas. Nonetheless, the SAR and CAR approaches only yield the global coefficients, which cannot be used to visualise the spatial patterns. Finally, the spatial heterogeneity addressed in GWR-SL model is expressed by varying regression coefficients, which is a type of observed spatial heterogeneity (Anselin 1988 (Anselin , 2008 . By contrast, CAR models handle the unobserved spatial heterogeneity that lead to heterosedcasticity error terms due to missing variables or other forms of model specifications.
Results
Global model results
The ordinary least squares (OLS) and spatial lag regression model results are provided in Table 1 . These are the global modelling results. This model explained 35% of the total variance among the dependent variable, the percent late or no prenatal care, and has an Akaike Information Criterion (AIC) of 19,617. In contrast, the spatial lag regression model explains 48% of the total variance in percent late or no prenatal care and has an AIC of 19,070, indicating that it is statistically preferable to the OLS regression model.
The SL dependent variable (Rho) captures the association between the prenatal care utilisation of a county and the levels of prenatal care utilisation in neighbouring counties. The spatial lag regression modelling suggested that if the level of late or no prenatal care utilisation in neighbouring counties increases by 1%, the percentage of late or no prenatal care utilisation of a specific county would increase by roughly 0.5%. (Ward and Gleditsch, 2008; LeSage and Pace, 2009) . A 1% increase in the foreign born population is associated with a 0.30% increase in the percentage of women who receive late or no prenatal care.
The global model results also show that a one unit increase in female socioeconomic disadvantage is associated with a 0.39% increase in the percentage of women with late or no prenatal care. This is another relationship that was not identified using the OLS regression approach. A 1% increase in the uninsured population resulted in a 0.34% increase in the percentage of women who received prenatal care after the first trimester of pregnancy or did not receive prenatal care at all. After including the SL dependent variable into the model, the negative relationship between the rate of Ob-Gyn physicians in the county and late or no prenatal care was no longer statistically significant.
Local model results
The GWR and GWR-SL results are provided in Table  2 . These are the local model 5-number parameter summary results. The 5-number summary of parameter estimates defines the extent of the variability in the parameter estimates based on the minimum, lower quartile, median, upper quartile and maximum local parameter Table 2 . Geographically weighted regression and geographically weighted regression-spatial lag 5-number parameter summary results (N = 3,106 counties).
estimates reported in the GWR and GWR-SL models . The Monte Carlo tests indicated the associations between the independent and dependent variable are non-stationary across space for each of the associations in the GWR model with the exception of the rate of Ob-Gyn physicians in the county. However, in the GWR-SL model, the relationship between the rate of Ob-Gyn physicians and late or no prenatal care is non-stationary, in addition to the relationships between percent Hispanic females of childbearing age, percent foreign born, female socioeconomic disadvantage and the SL dependent variable and late or no prenatal care.
The output from the GWR-SL models was used to generate surfaces for each model parameter and each surface depicts the spatial variation of a relationship with the outcome variable . Here we use a continuous bivariate colour scheme for the parameter estimate surface where the significant positive parameter estimates are displayed in shades of blue and green and the non-significant areas are masked out .
The local parameter estimates of the GWR-SL model results are displayed in Figs. 1 and 2 . The first map in Fig. 1 shows the local parameter estimates of the SL dependent variable. The coloured areas of the map represent the counties where neighbouring counties prenatal care utilisation has a significant effect on the prenatal care utilisation of that county. For the counties shaded blue, the higher the percentage of late or no prenatal care utilisation in the neighbouring counties, the higher the percentage of late or no prenatal care utilisation in that county. Recalling our previous discussion, this relationship is captured by the local ρ and most of these associations are positive spatial autocorrelations, which was found in the majority of the significant areas. For example, if the level of late or no prenatal care utilisation in neighbouring counties increases by 1%, the percentage of late or no prenatal care utilisation of a specific county would increase by roughly 1.4%. However, in some counties located in Iowa, if the percentage of late or no prenatal care utilisation in the neighbouring counties increases by 1%, the percentage of late or no prenatal care utilisation in those counties decreases by approximately 1%.
Figs. 1 and 2 include the results of the GWR-SL regression estimates for the parameters that mapped in the paper by using the method proposed by Matthews and Yang (2012) . One notable difference between the GWR and GWR-SL results is that for each of the parameters, the range of the estimates (minimum to maximum) is not as wide in the GWR-SL model results as it is for the GWR model results (see Table 2 ), and the maps reveal different significant spatial patterns (see Figs. 1 and 2 in this paper for the GWR-SL model results and Figs. 2 and 3 in for the GWR model results).
Discussion
The GWR-SL approach allowed us to gain a better understanding of prenatal care utilisation in USA counties improving on more traditional approaches in a number of ways. The traditional OLS regression approach allowed us to determine which variables were significant predictors of late or no prenatal care utilisation; however, these results may be biased because they did not take into account the spatial nature of the data. This was made clear from the comparison between the results of the spatial lag regression model and those of the OLS regression model. The spatial lag model revealed that the percentage of Hispanic females of childbearing age and the female socioeconomic disadvantage were in fact significant predictors of late or no prenatal care utilisation. This model also showed that the Ob-Gyn per 100,000 females of childbearing age was not a significant predictor of late or no prenatal care utilisation. The spatial lag regression model was an improvement over the traditional OLS regression approach, because it allowed us to determine that neighbouring counties prenatal care utilisation is a significant predictor of a county's prenatal care utilisation. The downfall was that we could not determine which counties are influenced by their neighbouring counties as the estimates were for the overall associations between prenatal care utilisation and the explanatory covariates. This approach also did not allow us to determine whether the relationship between late or no prenatal care utili- sation and its predictors are constant over space. A GWR approach has been used in previous research and the findings reveal that the relationship between prenatal care utilisation and its predictors vary significantly across space, with the exception of the relationship between the rate of Ob-Gyn physicians in the county and the percentage of late or no prenatal care . Nevertheless, this approach still does not explicitly address the issue of which counties prenatal utilisation is associated with their neighbouring counties' prenatal care utilisation. Herein lies the strength of the GWR-SL approach; it allows us to take into account spatial heterogeneity by allowing the relationships to vary across space and spatial homogeneity by controlling for the neighbouring counties prenatal care utilisation.
The GWR-SL approach was beneficial for this study and allowed us to compare with the results in . First, we were able to understand how the predictors of prenatal care utilisation vary across space and determine whether and how the level of prenatal care utilisation in neighbouring counties matters, which was absent in previous work. Second, after accounting for the percentage of late or no prenatal care utilisation in neighbouring counties, the GWR-SL approach helped us to further clarify the relationship between the rate of Ob-Gyn physicians and the percentage of late or no prenatal care. Specifically, without considering the level of prenatal care utilisation in neighbouring areas (ordinary GWR approach), higher percent of Ob-Gyn physicians seemed to impose a spatially universal impact on prenatal care utilisation. Nonetheless, this universal association was found to be a consequence of ignoring spatial homogeneity and is essentially spatially non-stationary. Similarly, some of the relationships that were non-stationary in the GWR results were in fact not (the relationships between the racial composition of the county and late or no prenatal care, as well as percentage uninsured and late or no prenatal care). After including the SL dependent variable into the model (GWR-SL approach), the significant spatial patterns of the parameter estimates have changed.
The maps presented here are essential, because they identify areas where policies can be implemented to improve prenatal care utilisation across the USA. For example, the results reveal for which counties prenatal care utilisation can be improved by increasing the prenatal care utilisation in neighbouring counties. As discussed above, previous research found that a lack of health insurance coverage is a significant risk factor for not receiving prenatal care on time or even at all (Chandler, 2002; Egerter et al., 2002; Gavin et al., 2007; Rosenberg et al., 2007) . However, the GWR-SL model results show the areas where increasing the health insurance coverage can improve the prenatal care utilisation. As shown in Fig. 1 , counties located in the Mid-Atlantic, southeast, west and northwest regions are areas where the higher the percentage of the population who are uninsured the higher the percentage of late or no prenatal care. These are the areas that can be targeted to increase health insurance coverage which will, in turn, increase prenatal care utilisation. Implementing these place specific policies is essential if we are going to meet the goal of Healthy People 2020 of increasing the percentage of pregnant women who receive prenatal care in the first trimester from 70.8% to 77.9% (US Department of Health and Human Services, 2011) .
While the methodological approach used in this study was beneficial for gaining a better understanding of prenatal care utilisation in the USA, it poses some limitations. First, as this research uses data that have been aggregated to a particular geographic unit (i.e. county) the modifiable areal unit problem (MAUP) could be an issue (Openshaw, 1984; Raghavan et al., 2013) . Second, like other ecological studies, the findings presented here are subject to the ecological fallacy, which refers to the error of deriving conclusions about individuals based on the results of aggregate-level analyses (Piantadosi et al., 1988) . Third, the local spatially lagged effects (ρ) are defined by the spatial contiguity matrix, but there is no agreement on how to define "contiguity". We defined neighbours as those who share the same boundary or vertex (first-order) and using a higher order may alter the findings and conclusions.
